In the era of genomics, if a gene is not annotated, it is not investigated. Due to their small size, genes encoding peptides are often missed in genome annotations. Secreted peptides are important regulators of plant growth, development, and physiology. Identification of additional peptide signals by sequence homology searches has had limited success due to sequence heterogeneity. A bioinformatics approach was taken to find unannotated Arabidopsis (Arabidopsis thaliana) peptides. Arabidopsis chromosome sequences were searched for all open reading frames (ORFs) encoding peptides and small proteins between 25 and 250 amino acids in length. The translated ORFs were then sequentially queried for the presence of an amino-terminal cleavable signal peptide, the absence of transmembrane domains, and the absence of endoplasmic reticulum lumenal retention sequences. Next, the ORFs were filtered against the The Arabidopsis Information Resource 6.0 annotated Arabidopsis genes to remove those ORFs overlapping known genes. The remaining 33,809 ORFs were placed in a relational database to which additional annotation data were deposited. Genome-wide tiling array data were compared with the coordinates of the ORFs, supporting the possibility that many of the ORFs may be expressed. In addition, clustering and sequence similarity analyses revealed that many of the putative peptides are in gene families and/or appear to be present in the rice (Oryza sativa) genome. A subset of the ORFs was evaluated by reverse transcription-PCR and, for one-fifth of those, expression was detected. These results support the idea that the number and diversity of plant peptides is broader than currently assumed. The peptides identified and their annotation data may be viewed or downloaded through a searchable Web interface at peptidome.missouri.edu.
Peptide signals control diverse aspects of plant physiology, growth, and development. For example, there are demonstrated roles for peptide signals in defense responses (McGurl et al., 1992; Huffaker et al., 2006) , maintenance of stem cell identity in the shoot apical meristem (Fletcher et al., 1999; Kondo et al., 2006) , selfincompatibility in crucifer species (Schopfer et al., 1999; Takayama et al., 2000) , and cell proliferation and differentiation (Matsubayashi and Sakagami, 1996; Matsubayashi et al., 1999; Ito et al., 2006) . These signaling peptides act through cell surface receptors to elicit physiological responses. In addition, there are also peptides that act as direct effectors, such as antimicrobial peptides involved in innate immunity or phytochelatins that limit abiotic stress due to toxic metals (Garcia-Olmedo et al., 1998; Cobbett and Goldsbrough, 2002) .
Elucidating the roles of additional plant peptides is essential to understanding the intercellular communication underlying plant biology. A bottleneck in the process of establishing the functions of plant peptides has been identifying the genes that encode peptides. This is because many peptides are encoded by small genes, which tend to be missed in genome annotations.
One piece of evidence suggesting that peptideencoding small genes are underannotated in Arabidopsis (Arabidopsis thaliana) includes several examples of large gene families of plant peptides missed in the genome annotation. In such cases, the identification of a founding peptide allowed for additional unannotated family members to be recognized by sequence homology searches (Vanoosthuyse et al., 2001; Olsen et al., 2002; Wen et al., 2004) .
What are some possible reasons for the decreased frequency of annotating small genes? Genes are discovered by a combination of gene-finding computer programs that analyze genomic DNA sequences, cDNA sequencing, and by characterization of mutants. In computational gene identification, to minimize incorrectly predicting random small open reading frames (ORFs) to be genes, it is common practice to disregard ORFs below a certain size without empirical evidence of expression (i.e. an expressed sequence tag or complementary DNA). This practice seeks to optimize the signal-to-noise ratio in gene finding, reflecting that the probability of a spurious ORF in the genome occurring by chance increases as the size of the ORF decreases. Bias also is a result of the methods used to construct cDNA libraries, which typically utilize a molecular size selection step to eliminate cDNAs smaller than 400 to 500 bp. Genetic screens can potentially uncover small genes; however, the small gene size would work against its discovery by reducing the likelihood of a mutagenic event occurring within that gene. In combination, these factors contribute to the underreporting of small peptide-encoding genes in genome annotations.
Based on the aforementioned reasoning, we hypothesized that additional small genes encoding peptides One expectation, if small genes encoding peptides are underannotated in Arabidopsis, is that there would be a skew in the protein length frequency distribution. To evaluate whether there is a disparity in the number of annotated proteins of different lengths, we plotted the frequency of The Arabidopsis Information Resource (TAIR) 6.0 annotated Arabidopsis proteins as a function of length, after placing them in bins 50 amino acids wide (Fig. 1) . This graph indicates a substantial drop off in the number of small proteins less than 101 amino acids, especially below 51 amino acids. It is even more striking when one considers that the number of theoretically possible ORFs increases exponentially as the size of the ORF allowed decreases (Basrai et al., 1997) . The observed distribution may either reflect a biological basis (i.e. there really are relatively fewer genes encoding small proteins in the Arabidopsis genome) or it may indicate an underannotation of small protein-coding genes.
Bioinformatic Approach to Identify Unannotated Secreted Peptides
Because our interests are in intercellular signaling, we focused upon small genes encoding peptides that are likely to be secreted. We wrote Perl scripts to automate the process of unannotated Arabidopsis peptide identification and sequential filtering, the results of which are summarized in Table I . First, we screened all five Arabidopsis chromosomes on both strands for all ORFs encoding proteins 25 to 250 amino acids in length. The rationale for screening for ORFs was that many known plant peptides believed to function in intercellular signaling are encoded by single-exon genes. For example, all of the CLV3/ESR-related (CLE) gene family (except CLV3 and CLE40; Cock and McCormick, 2001; Sharma et al., 2003) , the rapid alkalinization factor-like (RALFL) gene family (Olsen et al., 2002) , the inflorescence deficient in abscission (IDA) family (Butenko et al., 2003) , the DEVIL family (Wen et al., 2004) , the LCR family (Vanoosthuyse et al., 2001) , and the SCRL family (Vanoosthuyse et al., 2001 ) are singleexon genes. Also, it is worth noting that single-exon genes are the most frequently observed gene structure in Arabidopsis (Alexandrov et al., 2006) . The lower size limit is based on the idea that the average signal peptide is 22 amino acids long (Bendtsen et al., 2004b ) and the knowledge that there are bioactive plant peptides as short as five amino acids long (Matsubayashi and Sakagami, 1996) . The upper size limit was set at 250 amino acids, based on the tomato (Lycopersicon esculentum) systemin precursor, the largest known signaling proprotein at 200 amino acids long, to allow for some tolerance. Screening the Arabidopsis genome with these constraints resulted in identification of 606,285 ORFs.
Next, we removed smaller ORFs if multiple overlapping in-frame ORFs were recovered, resulting in 475,281 ORFs retained. Predicted peptides and small proteins were screened for the presence of predicted amino-terminal signal peptides that would direct them to the secretory pathway, using the neural network version of SignalP 3.0 (Bendtsen et al., 2004b) . This reduced the number of ORFs to 82,697.
We then screened for the absence of transmembrane helices that could indicate the protein resides in the plasma membrane or an endomembrane of the secretory pathway, using TMHMM 2.0 (Krogh et al., 2001) , keeping 77,270 ORFs. We also eliminated possible endoplasmic reticulum lumen-resident protein by removing proteins having KDEL or HDEL motifs at their C termini (one sequence removed). Last, we screened against ORFs that overlapped the coordinates of genes annotated in TAIR 6.0 annotated genome release, resulting in final identification of 33,809 putative ORFs.
Bioinformatic Approaches to Validate Putative ORFs
We focused upon three properties of the predicted ORFs that could be assessed using bioinformatics to address ORF predictions. The first expectation of a functional gene is that it is transcribed. We used the published data generated in genome-wide tiling hybridization experiments (Yamada et al., 2003) to provide evidence of ORF expression. Specifically, we tested whether hybridization intensities were at least twice the median signal value of the chip. By this rationale, from the analysis of the root, leaf, flower, and suspension cell datasets, we found evidence for the expression of 10,247 putative ORFs.
Because most known peptide-encoding genes belong to gene families, a second predictive measure used was that putative peptides that are encoded by gene families are more likely to be valid. We used BLASTCLUST (Altschul et al., 1990) to perform single-linkage clustering of the preproproteins (the protein with its signal peptide). This analysis revealed that 3,324 of the peptides belong to 974 clusters of two or more peptides.
Third, we reasoned that putative ORFs are more likely to represent genes if an ortholog can be found in the rice (Oryza sativa) genome. Using tBLASTn with default parameters, 15,975 putative ORFs were found to have a match to the rice genome. This threshold was chosen to allow for sensitivity, given the short length of peptides.
An evaluation of the degree of overlap of these three types of annotation data revealed that 1,044 predicted ORFs were supported by all three, and a further 6,042 predicted ORFs were supported by any two of the three (Fig. 2) .
Reverse Transcription-PCR Shows a Subset of ORFs Tested Is Expressed
We chose 25 ORFs at random from the collection of ORFs having supporting data from all three classes of annotation data for testing by reverse transcription (RT)-PCR. Given that many genes exhibit differential expression, we separately isolated RNA from 2-weekold roots, 3-week-old rosette leaves, central aerial portions of 2-week-old plants (to get vegetative meristem tissue), flowers, and siliques. The lack of introns in the ORFs precluded utilizing primers that flank an intron as a safeguard against amplifying genomic DNA contamination. Two alternative measures were taken to both avoid and control for the possibility of genomic DNA contamination amplification. First, we treated the RNA with DNase before synthesizing the cDNA to remove any traces of genomic DNA. Second, we set up a mock cDNA synthesis reaction for each RNA in which no reverse transcriptase was added. PCR reactions using aliquots of the mock cDNA reactions were used as a template to demonstrate that PCR products were reverse transcriptase dependent. From these experiments, we found evidence for the expression of five of 25 tested ORFs (Fig. 3) . The expected PCR products could be generated with all 25 primer pairs using genomic DNA as a template, indicating that the failure to detect expression with the cDNA template was not due to PCR conditions, primer design, or synthesis (data not shown). The ORFs and primers used that did not give evidence of expression are presented in Supplemental Table S1 .
Searchable Web Interface for Dissemination of the Arabidopsis Peptidome Dataset
A MySQL relational database with information about the 33,809 ORFs was generated. Peptides were named with the prefix ath_mu to denote Arabidopsis predictions and the University of Missouri. Following this prefix, the chromosome, the number of the prediction, and the strand are contained within the name (e.g. ath_mu_ch1_20337top). A Web interface was designed that allows for querying the database for subsets of the predicted peptides based on a variety of selection criteria (Fig. 4) . The Web site address is http://peptidome. missouri.edu. Data may either be retrieved in tabular format in the Web browser window or may be downloaded to the desktop in a tab-delimited format, which can be opened in Microsoft Excel.
New Members of the RALFL Family Identified
We used sequence homology searches to test whether any peptides similar to known plant peptides were in the Arabidopsis Unannotated Secreted Peptide Database. We identified members of several known plant peptide families. For example, 12 putative RALFL (Pearce et al., 2001b; Olsen et al., 2002 ) genes were found. Among these 12, 10 were previously reported (Olsen et al., 2002) but are not included in the most recent version of the Arabidopsis genome annotation. A list of these ORFs is given in Supplemental Table S2 . An additional two RALFL genes (ath_mu_ch1_20831bottom, ath_mu_ch1_21704top) that have not been previously reported were identified, expanding the number of RALFL genes in Arabidopsis from 34 to 36 (Fig. 5) .
In addition, a recent addition to the CLE family, CLE45 (Strabala et al., 2006) , was found in the database as ath_mu_ch1_65447top. Furthermore, ath_mu_ch1_ 59545bottom exhibits similarity to the CLE domain of CLE26 and may represent an unreported CLE.
Although they were described by Butenko et al. (2003) , four inflorescent deficient in abscission-like (IDL) members have not yet been added to the official annotation of Arabidopsis genes and were identified Fig. S1 ).
DISCUSSION
The Arabidopsis Unannotated Secreted Peptide Database should be useful for investigators addressing a variety of questions. First, researchers studying peptide biology would benefit from the list of candidate peptides for investigation. Considering that there are hundreds of orphan cell surface receptors in plants, this resource may facilitate identifying receptor-ligand pairs. Second, groups performing positional cloning of mutant genes or activation tagging would benefit from having additional gene candidates to test within a mapping interval or near the site of T-DNA insertion. Third, this resource could benefit proteomics researchers because prominent protein identification software, such as MASCOT (Perkins et al., 1999) , require the protein or peptide to be in the database to make a match. The general approach taken to generate this dataset was to have higher sensitivity to detect ORFs at the expense of lower selectivity. Based on both bioinformatics and RT-PCR data, we estimate that there are hundreds to several thousand unannotated small genes. Possible explanations for the ability to amplify only one-fifth of the tested ORFs may be that they are of extremely low abundance and would require cDNA generated from mRNA rather than total RNA to be detected. Alternatively, these ORFs may be induced under specific circumstances that were not tested in this study. Or, it may simply be the case that the ORFs that failed to amplify are not genes.
The discrepancy in detecting ORF expression by RT-PCR and predictions of expression from tiling array data are likely due to signal-to-noise issues. If one examines tiling hybridization intensities of many annotated Arabidopsis genes, there is wide variation in the hybridization intensity within even a single exon (Yamada et al., 2003) . Because the ORFs in question in this work are small, discriminating the signal above the noise is not trivial. Using tiling data to investigate small ORF expression is valuable, but the data must be interpreted with the experimental limitations kept in mind. As this resource becomes utilized by the community and further predictions are tested, estimation of the number and diversity of peptides from unannotated small genes will become clearer.
Because this resource is predicated upon identifying secreted peptides, the choice of signal peptide and transmembrane domain prediction programs was important for optimal results. SignalP 3NN and TMHMM 2.0 were utilized because they have been shown to be the best programs for detecting eukaryotic signal peptides and transmembrane domains, respectively (Moller et al., 2001; Bendtsen et al., 2004b) . Requiring a positive prediction from multiple prediction programs has value as an alternative approach; however, whereas it would decrease the number of false positives, it would also cause more false-negative errors.
There are some limitations to our approach. Peptides that are encoded by unannotated genes with multiple exons are not represented. Also, those peptides that are produced by limited proteolysis of a larger precursor are not included. Bioactive plant peptides that have been purified suggest that limited proteolysis is an important source of peptide generation (McGurl et al., 1992; Matsubayashi and Sakagami, 1996; Pearce et al., 2001a Pearce et al., , 2001b Huffaker et al., 2006; Ito et al., 2006; Kondo et al., 2006) . At this time, we can neither predict which proteins encoded by plants will undergo this processing nor what the peptide products would be. As more peptides are biochemically identified, the rules for plant peptide generation from precursors will likely become more evident. Additionally, peptides with precursors that lack a signal peptide are not represented by this database. Finally, transposons are often found in intergenic regions and a subset of the peptides in the database is likely a conceptual translation of transposon sequences. These artifacts can typically be detected by looking at the BLASTp column for a peptide to see whether it exhibits sequence similarity with transposon-encoded proteins.
Other potential sources of extracellular peptides that are excluded from the database are those secreted by a nonclassical pathway. There is evidence in animal systems for proteins that lack signal peptides but are known to be extracellular (Bendtsen et al., 2004a) . There may be a nonclassical secretory pathway operating in plants as well. For example, systemin and AtPep1 precursors apparently lack signal peptides, yet these peptides interact with cell surface receptors (McGurl et al., 1992; Scheer and Ryan, 2002; Huffaker et al., 2006; Yamaguchi et al., 2006) . Second, proteomics experiments in which the cell wall or apoplast was characterized identified (in addition to proteins whose precursors do have signal peptides) many proteins that lack signal peptides (Watson et al., 2004; Boudart et al., 2005; Chivasa et al., 2005; Kwon et al., 2005) . Whether the observations from proteomics work indicate impurities from the subcellular fractionation procedures used or an alternative secretory pathway is unclear (Jamet et al., 2006) .
Gene identification is a prerequisite for gene investigation in the age of genomics. The Arabidopsis Unannotated Secreted Peptide Database contributes to solving the problem of small gene underannotation (Thompson et al., 1994) multiple sequence alignment of RALFL 6, ath_mu_ch1_21704top and ath_mu_ch1_20831bottom. Identical residues are marked with asterisks.
and offers novel potential mediators of intercellular communication in plants that should advance our understanding of plant biology.
MATERIALS AND METHODS

Bioinformatics
To calculate protein length frequencies, TAIR 6.0 annotated proteins in FASTA format were downloaded (ftp://ftp.arabidopsis.org/home/tair/ Genes/TAIR6_genome_release/TAIR6_pep_20051108). A Perl script was written to count the number of amino acids of each protein and count the frequency of protein lengths. These data were imported into Microsoft Excel and the counts of protein lengths were summed within 50-amino acid bins (e.g. 1-50, 51-100, etc.). These bin counts were plotted as a function of protein sizes represented by each bin.
For SALK tiling array data analysis, we obtained tiling array datasets (Yamada et al., 2003) from expression analyses of root, suspension cell, leaf, and flower samples (datasets kindly provided by T. Joshi and D. Xu, University of Missouri). The following steps were performed using custom Perl scripts. We removed nonrelevant features from consideration (e.g. Affymetrix controls) as well as features that were not unique (exact sequence of feature found more than once on chips). We identified the median value for each chip for the root, leaf, suspension cell, and flower experiments. We screened for features that were greater or equal to twice the median value of each chip. We then looked for an exact match of the full length of the probe feature sequence within ORF sequences. On the database, we report the probe data (raw intensity) meeting these criteria for each ORF. The feature sequence shown is the reverse complement of the actual probe sequence.
The 20-nucleotide signature Arabidopsis (Arabidopsis thaliana) massively parallel signature sequencing (MPSS) dataset from the Meyers' lab MPSS database (Nakano et al., 2006) was downloaded (http://mpss.udel.edu/at/ public_data/20 bp/20bp_summary.txt). Class 4 signatures (intergenic signatures) were obtained from the dataset and the positions of the class 4 signatures were compared with the database ORFs to identify 177 supporting signatures.
BLASTp searches were conducted using default parameters (Altschul et al., 1990) with the preproproteins as queries and the plant protein database (obtained from ftp://ftp.arabidopsis.org/home/tair/Sequences/blast_datasets/ PlantProtein.Z) showing the top 10 hits, the hit scores, and the e values. tBLASTn with the predicted preproproteins querying rice (Oryza sativa cv japonica), assembly version 4.0 of chromosomes by The Institute for Genomic Research (TIGR; BLAST database built from pseudochromosomes obtained from http://www.tigr.org/tdb/e2k1/osa1/pseudomolecules/info.shtml), show best hits. Single-linkage clustering was performed using BLASTCLUST (Altschul et al., 1990) with the predicted preproproteins. To aid interpretation of the database cluster data, the first number is the cluster number and the number in parentheses is the number of members in that cluster.
The ORFs and related annotation data were placed into a MySQL relational database with a searchable Web interface front end, using Perl modules DBI and CGI. The Arabidopsis Unannotated Secreted Peptide Database is publicly accessible at http://peptidome.missouri.edu.
RT-PCR
Total RNA was isolated from Arabidopsis ecotype Columbia plants using the Qiagen RNeasy plant mini kit according to the manufacturer's instructions (Qiagen). Two-week-old roots from plants grown on one-half-strength Murashige and Skoog agar plates under 100 mmol m 22 s 21 yellow light were used to isolate root RNA. Leaf RNA was isolated from the rosette leaves of 3-weekold soil-grown plants. Vegetative meristem tissue was isolated from the central aerial portions of 2-week-old soil-grown plants. Flowers and fruits were obtained from 3.5-week-old soil-grown plants. Isolated RNA was treated with Turbo DNase according to the manufacturer's instructions to remove any trace amounts of genomic DNA (Ambion). RNA concentration was quantitated using a nanodrop spectrophotometer. One microgram of RNA was used to make oligo(dT)-primed first-strand cDNA with the Omniscript cDNA synthesis kit according to the manufacturer's instructions (Qiagen). Alternatively, control reactions were carried out in which the reverse transcriptase was replaced with water to the control template to rule out genomic DNA contamination. Ten percent (2 mL) of the volume of cDNA reactions was used for 25-mL PCR reactions using gene-specific primers for 25 ORFs, which were supported by three pieces of bioinformatic data (tiling expression data belonged to a cluster and had a match to the rice genome). Primers were designed to amplify the entire ORF. TaKaRa PCR buffer (containing 1.5 mM MgCl 2 final concentration), 200 mM dNTPs, and Taq polymerase were used for PCR. PCR conditions were as follows: 95°C for 5 min followed by 36 cycles of 94°C for 30 s, 50°C for 30 s, and 72°C for 1 min. PCR products were separated on ethidium bromide containing 4% (w/v) agarose gels and photographed. The primers used for the ORFs and controls in Figure 3 were: ath_mu_ ch1_20337top FOR: ATGGCAACTCAAGTGTCAAAGAAAATC, ath_mu_ ch1_20337top REV: TTAAGCGGTACAAATCCAGCTAAATGC, ath_mu_ch1_ 22982bottom FOR: ATGGCGCCTCAAACAATGAAAAAGAT, ath_mu_ch1_ 22982bottom REV: TTATTTTGGTTTTTTACATAGCCACCAC, ath_mu_ch3_ 26410top FOR: ATGAAACAATTGTTAGTCTTTCTATTTG, ath_mu_ch3_ 26410top REV: TTAATAAATCCAATCATACTCTTTATGC, ath_mu_ch4_4517-top FOR: ATGCAAACTCATAGGTTGTATCGAAT, ath_mu_ch4_4517top REV: CTAACCGTTTATGAGGTTCTTTCCTA, ath_mu_ch4_5446top FOR: ATGTG-GTGCCGCATCAGGCTCACT, ath_mu_ch4_5446top REV: TTAAAAACA-AAGGATTGTTCTTAATTGAA, AT3G54350 FOR TTATCTCTTCAATTCGA-GCCAGTG, and AT3G54350 REV: GAATCAGCAAAGAAGGATGTTTTG.
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